Motivation: A major goal in structural genomics is to enrich the catalogue of proteins whose 3D structures are known. In an attempt to address this problem we mapped over 10 000 proteins with solved structures onto a graph of all Swissprot protein sequences (release 36, ∼73 000 proteins) provided by ProtoMap, with the goal of sorting proteins according to their likelihood of belonging to new superfamilies. We hypothesized that proteins within neighbouring clusters tend to share common structural superfamilies or folds. If true, the likelihood of finding new superfamilies increases in clusters that are distal from other solved structures within the graph. Results: We defined an order relation between unsolved proteins according to their 'distance' from solved structures in the graph, and sorted ∼48 000 proteins. Our list can be partitioned into three groups: ∼35 000 proteins sharing a cluster with at least one known structure; ∼6500 proteins in clusters with no solved structure but with neighbouring clusters containing known structures; and a third group contains the rest of the proteins, ∼6100 (in 1274 clusters). We tested the quality of the order relation using thousands of recently solved structures that were not included when the order was defined. The tests show that our order is significantly better (P-value ∼10 −5 ) than a random order. More interestingly, the order within the union of the second and third groups, and the order within the third group alone, perform better than random (P-values: 0.0008 and 0.15, respectively) and are better than alternative orders created using PSI-BLAST. Herein, we present a method for selecting targets to be used in structural genomics projects.
INTRODUCTION
As a result of the accelerated rate of sequence determination, the number of known protein sequences is expanding extremely fast. Currently, there are over 500 000 proteins in non-redundant databases. In addition, the number of proteins that are being solved to high resolution by x-ray and NMR technologies increased significantly and was doubled during the last 3 years. However, only a small fraction of all structures that were solved in recent years have been identified as new folds. According to the PDB statistics, this number has been fluctuated around 10% in the last 5 years (http://www.rcsb.org/pdb/). Using the most stringent definition for new fold, according to SCOP, the fraction of new folds is even lower. The comparison of recent releases of SCOP (1.48 to 1.53) reveals that only 3% of the 1500 PDB entries (Nov. 1999 to July 2000 are classified as new folds and only 10% as new superfamilies. Recent results obtained in CASP (Moult et al., 1999) suggest a strong link between the number of available folds and the success rate in predicting protein structure (Olszewski et al., 2000; Sippl et al., 1999) . A good prediction relies on the availability of a rich archive of templates for modelling (Sali, 1998) . It is thus clear that selecting the 'proper' targets for structural determination and consequently accelerating the rate of discovery of new superfamilies and folds is a primary goal for the biomedical community. In order to reach this goal, the structural community must first select properly chosen target proteins, which have a high probability of belonging to new superfamilies and folds [discussed in Kim (1998) ; Koehl and Levitt (1999) ; Koonin et al. (1998) ; Montelione and Anderson (1999) ; Terwilliger et al. (1998) ].
Numerous studies were carried out with the goal of classifying protein sequences to families and superfamilies. These studies are based on structural data, sequence data or a combination of both. Advance searches that rely on iterative multi-sequence alignment such as PSI-BLAST (Altschul and Koonin, 1998) , perform better than classical sequence comparison methods (Aravind and Koonin, 1999; Park et al., 1998) . Recently, Lindhal et al. tested the performance of advanced matching methods for the task of identifying families, superfamilies and folds. In that study, the authors compared state of the art matching methods and showed that the best methods are correct in detect-ing 29% of their top hits for superfamily and 15% for fold (Lindahl and Elofsson, 2000) . Still, none of these methods provide a way of selecting potential targets for new superfamilies or folds.
A straightforward approach for target selection proposes choosing targets from a protein family in which none of the representatives are solved. A list of such protein families derived from large-scale protein classification databases is available for structural genomics projects [reviewed in Linial and Yona (2000) ].
Our approach can be viewed as a simple extension of that approach: amongst all families in which no protein is solved, we prefer families that are distant from families with solved proteins. In our previous study (Portugaly and Linial, 2000) , we have defined a function assigning each protein with a 'probability to be a new fold' on the basis of its distance from currently known structures within the ProtoMap graph. This was based on assigning one representative fold for each cluster that contained a solved structure. In the current study, we have simplified and refined our prediction method. This is achieved by eliminating the unnecessary assumption that a cluster is being labelled by one representative structure. We used the large number of structures that accumulated in recent years (an addition of about 4500 PDB entries from SCOP 1.37 to SCOP 1.50) to provide strong statistical validation for our predictions, and compared our results to those derived from a PSI-BLAST based method. Our predictions can be used to choose protein targets with higher chances of representing new superfamilies among all proteins with unsolved structures.
METHODS AND RESULTS

Creating Target Lists for Structural Determination
Databases and mapping procedure. We base our study on the database of ProtoMap 2.0 (http://www.protomap. cs.huji.ac.il) (Yona et al., 1998) . ProtoMap is an automatically generated hierarchical classification of all protein sequences in Swissprot (release 36 with 72 623 sequences). Each of the 21 levels of the ProtoMap hierarchy defines a weighted graph whose vertices are clusters of proteins while the edges depict the relatedness of clusters. Our focus in this study is the top (most relaxed) level of classification (level 1e-0). In this level there are 13 354 clusters, 7485 among them singletons. Inspecting the top-level graph reveals that in most instances, related clusters encode biologically meaningful relations Portugaly and Linial, 2000; Yona et al., 2000) and unpublished results]. A key feature of ProtoMap is that the elementary unit for classification is the whole protein sequence rather than the protein domains. Consequently, a cluster composed of multi-domain proteins may contain more than one structural entity in it.
For structural data, we used the complete structural database as provided by SCOP 1.50. SCOP is a hierarchical classification of all known structural domains (Murzin et al., 1995) and can be accessed at http://scop.mrc-lmb.cam.ac.uk/scop. SCOP 1.50 contains ∼23 800 records obtained from more than 10 000 PDB records. These are classified to ∼1300 families, 820 superfamilies and 548 folds. Many of the SCOP records do not match a Swissprot ID due to minor differences in sequence. Therefore, in order to associate SCOP records with Swissprot records, we performed a strict sequence similarity test, allowing each SCOP record to associate with at most one Swissprot record. Following such mapping, ∼1200 of SCOP families associate with ∼3200 Swissprot proteins. These proteins belong to 1162 clusters in ProtoMap. We will refer to those clusters as occupied.
Due to the prevalence of multi-domain proteins, a general cluster cannot be expected to correlate with a single SCOP family. Indeed, 653 of the proteins associate with more than one SCOP family (heterogeneous multidomain proteins). We looked at occupied clusters that contain more than one solved protein (non-trivial clusters). 487 of the 1162 occupied cluster are non-trivial. Among those, a substantial fraction completely agrees with a SCOP family (not shown). Such a view of sequencedbased clusters and structural-based families indicates that ProtoMap clusters correlate well with SCOP families.
Properties of the ProtoMap graph, with respect to SCOP classification. We retained our working hypothesis that distances on the ProtoMap graph are consistent with distances between protein structures. Numerous biological tests indeed confirmed this hypothesis (Yona et al., 1999) . As a result of this hypothesis, neighbouring clusters tend to share common structural families and superfamilies. Pursing this line further, if we compared a cluster that is distant in the graph from any known structure with a cluster that is near to a known structure, the former would stand a higher chance of containing a new superfamily or fold (Portugaly and Linial, 2000) , An example of the nature of the ProtoMap graph and the biological information that is carried in the graph's edges is shown in Figure 1 . Figure 1 presents the complete connected-component of cluster 2050. All together there are 140 proteins in that connected component. Following structural mapping, only cluster 3960 is marked as an occupied cluster among the other 30 clusters. The proteins within this connected-component belong to the GCN5 group whose proteins share extremely low sequence similarity. This group consists of proteins with diverse sequences and biological functions from bacteria to man (Neuwald and Landsman, 1997) . All proteins were manually inspected and confirmed to belong to that group. The protein structure mapped to cluster 3960 belongs, according to SCOP, to N-acetyltransferase NAT family within the CoA-N-acetyltransferase fold. We suggest that the other proteins in the graph share the same structural identity. Indeed, using less strict sequence similarity for the structural mapping procedure, indicates that all other nine N-acetyltransferase NAT family members (SCOP release 1.55) have close homologues in this connected component (not shown).
Pre-processing ProtoMap data. In order to choose the level of the ProtoMap hierarchy we wish to use, we have studied the size of the connected-components of the graphs at different ProtoMap levels. A connectedcomponent describes all clusters that are within an isolated graph. Recall that ProtoMap is composed of 21 hierarchical levels. In each level all the proteins are divided into clusters and a weighted list of paris of 'possibly related clusters' is provided. These lists define graphs whose vertices are the clusters, and a weighted edge exists between two vertices if the clusters are 'possibly related'. In order to choose the 'preferable' view of ProtoMap, we first analysed the size distribution of all connectedcomponents at various levels of the hierarchy. As seen in Figure 2A , at all levels there exists one very large connected-component, and many connected-components of size 1. Clusters in 1-cluster connected components are uninformative for our method. We have chosen to use ProtoMap level because of the significant drop in the fraction of such uninformative clusters from level 1e-5 to 1e-0. Clearly, many of the edges at the ProtoMap level 1e-0 graph do not represent true biological relatedness of clusters. We wanted to determine a threshold over the edge weight that still captures biological information and to consider only those edges above that threshold. Figure 2B describes the number of edges in the ProtoMap level 1e-0 graph, using different thresholds on their weight. In the range between threshold 0.8 and 0.1, the number of edges increases exponentially with the (decrease of the) threshold. However, for thresholds that are below 0.1, the increase is super-exponential. We interpreted that super-exponential increase as a result of accumulation of false edges, and therefore chose to clip the graph at a threshold below 0.1. Figure 2C describes connected component sizes at ProtoMap level 1e-0 before and after the clipping. We viewed the remaining graph as unweighted.
Defining the vacant surrounding volume of a cluster. We defined a property of a cluster called vacant-surroundingvolume (VSV) (Figure 3 ): let c be a cluster, let S be the distance in the graph between c and the closest cluster that contains a known structure. Then the VSV of cluster c is the number of clusters with distance at most S-1 from c. If a connected-component includes no occupied clusters, its VSV is undefined.
The distribution of VSVs over all ProtoMap clusters is shown in Figure 4 . We choose to use the VSV as our measure for navigating the ProtoMap graph. Alternative measures such as S (number of steps in the graph) or the total number of proteins included in that VSV are less informative (see discussion in Portugaly and Linial, 2000) .
Ordering proteins by likelihood to belong to a new superfamily. Based on our working hypothesis, we said that if protein A belongs to a cluster with a higher VSV than protein B, then A is more likely to belong to a new superfamily than B. We cannot address the likelihood of a protein to belong to a new superfamily if it is in a cluster with an undefined VSV. The set of proteins we can compare contains about 48 000 proteins.
We composed a list of clusters, sorted by their VSV from large to small. Our prediction is that the higher the protein is in the list, the better the chance that it belongs to a new superfamily. Inspection of the top list (VSV in the range of 10-130) indicates that almost half of the proposed clusters (146 of 324) are membranous clusters (i.e. at least a third of the proteins in that cluster have two or more transmembrane domains). Those clusters include many of A A B Fig. 3 . Measuring vacant-surrounding-volume of cluster (VSV). Left, if no occupied cluster is present in that connected-component, VSV is undefined. Right, if cluster B is occupied then the VSV of cluster A is 11-counting all clusters that can be reached from cluster A in two steps (coloured grey and cluster A itself). We stop after two steps, since in the third step, we encounter an occupied cluster-cluster B. the ion channels, transporters and pumps. The abundance of membranous clusters in the top of our list is consistent with the very limited number of membranous proteins that have been currently solved (Vitkup et al., 2001) . Indeed, based on this fact and according to our working hypothesis, membranous clusters should be ranked high in our list for predicting a new superfamily.
In supporting the use of our list for the benefit of selecting targets for structural determination, we allow including additional filters based on biological and other practical considerations. These include the length of the selected protein, the source of the proteins (organisms) within the cluster, the number of proteins within the cluster and more. The list of target proteins and supplementary information is available at http://www.protarget.cs.huji.ac.il.
Validation Tests
Self-Validations. We validated our prediction method with a 'real world' test, using major versions of SCOP (1.37, 1.41, 1.48 and 1.50). We ran the prediction procedure for each one of those SCOP releases separately. Each of these runs was validated independently using 'new' solved structures from all the more recent releases of SCOP. We named the earlier release as the base release, and the later release as the test release. Notice that the number of records has doubled from SCOP 1.37 to SCOP 1.50 and therefore we can expect these validation tests to be statistically sound.
We picked an earlier base SCOP release, and produced an ordering of the proteins using only the structures from that release. We marked clusters as occupied only if they contain proteins that were solved in the base SCOP release, and we assigned VSVs to clusters with respect to these occupied clusters. Our sequence test set was the sequences of the proteins that were not solved in the base SCOP release, and were solved in the test SCOP release. Our structure test set was the superfamilies that did not appear in the base SCOP release and did appear in the test release.
Removing redundancy of the samples, and marking samples as new or old. ProtoMap clusters of the strictest level of classification (level 1e-100) consist of almost identical proteins (pair-wise similarity > 1e-100). We removed redundancy in the sequence test set by considering all proteins of a given level 1e-100 cluster as one sample. Because ProtoMap is an hierarchical classification, we can say that the sample belongs to the one top-level cluster that all the proteins it represents belong to. SCOP families that include any one of the proteins are considered to include this one sample. Since the proteins in the level 1e-100 cluster are almost identical, we can safely assume that if one protein in the 1e-100 cluster belongs to a family according to our mapping of SCOP records, than all the proteins in the cluster belong to that family. We marked each sample with a plus or a minus. We marked a sample with a plus if it belonged to a superfamily in the structure test set (i.e. it belongs to a new superfamily), and with a minus otherwise.
Ordering the samples. We ordered the samples according to the VSV of the top-level cluster they belonged to. We disregarded those samples that belonged to clusters with undefined VSV. As we wanted to gain a strict ordering of the samples, we defined a random order over all the samples that belonged to clusters with identical VSV.
Scoring the order. We now had a set of k pluses and l minuses that symbolize new and known superfamilies in the test sample, respectively. We had a strict order over that set. According to our hypothesis, a perfect prediction order would have sorted all the pluses before the minuses. We wanted to score our order according to its distance from the perfect order. We defined a scoring function over the set of orders of k pluses and l minuses. The score of each order was the number of position flips of pairs of adjacent pluses and minuses needed to transform the order to the perfect order. Note that this score is exactly equal to summing over the positions of the pluses in the order (up to an additive constant). The final stage of the test was to find the P-value of the score, i.e. the probability that an order drawn from a uniform distribution of orders of k pluses and l minuses would gain a score such as this or higher.
Due to the random part of the process, the procedure was repeated 200 times for each pair of base and test releases. For all pairs of base and test releases, a total of 12 runs out of 1000 yielded P-values above 1e-4. Somewhat lower performances were obtained for the tests of SCOP 1.48 -SCOP 1.50. In this test, half the runs produced P-values below 1e-3 and 90% produced P-values below 1e-2.
Validation based on a strict test set. The P-values for the ordering of all samples were very low and significant. However, one might argue, that our order separates well only the known and obvious superfamily samples from the rest of the samples. In such instances, the only informative characteristic with regards to the likelihood of a sample belonging to new superfamilies, is whether or not it belongs to occupied clusters (VSV=0). To verify that this was not the case, we defined a subset of the samples by removing those samples that belonged to occupied clusters from our sequence test sets. We refer to this subset as non-occupied samples. We re-calculated scores and Pvalues for this subset as above. We further tested that the order between two samples that belonged to clusters of VSV greater than 1 was still informative with regards to our question. We defined another subset of the nonoccupied samples by removing all samples that belonged to occupied neighbouring clusters. We refer to this subset as non-occupied-neighbouring samples. Figure 5 shows the distribution of P-values of the SCOP 1.37-SCOP 1.50 test for the two more strict subsets.
Validation versus PSI-BLAST derived predictions.
We wished to compare the performance of our method to predictions made using other methodologies that are widely used in the search for protein homologues. We devised new orders for the same six (base, test) sample sets on the basis of pair similarities according to SmithWaterman (SW) algorithm. We ran each protein in the sequence test set as an SW query over Swissprot database (release 36). We assigned each such protein the score of the best hit amongst the proteins that were solved according to the base SCOP release, and assigned each sample (level 1e-100 cluster) in the test set the best score that any of the proteins composing the sample received. We sorted the samples according to their score, and calculated the score and the P-value for the order, as described. The SW derived orders perform poorly (see example in Figure 5B and not shown). We repeated the above procedure using results from the state of the art method of PSI-BLAST. PSI-BLAST was confirmed to be a very powerful tool for detection of remote homologues (Park et al., 1998) and for superfamily identification (Lindahl and Elofsson, 2000) . We ran PSI-BLAST against Swissprot (release 38) using best performing suggested parameters. The P-values for all six (base, test) sets and the performance of our method as well as for PSI-BLAST are presented in Table 1 . Note that the SCOP 1.37-SCOP 1.50 and SCOP 1.37-SCOP 1.48 were significantly larger test sets, and should probably be taken as more stable and statistically valid tests. One can see that in these tests, the performance of our method (and for most cases the PSI-BLAST tests) is extremely good.
Our method cannot provide information regarding ∼24 000 proteins that have undefined VSV. We sorted the SCOP 1.37-SCOP 1.50 sample set according to PSI-BLAST, and calculated a P-value for the order. As shown in Table 1 , the 'undefined VSV' sample set, resulted in a P-value for the order is 0.45, i.e. PSI-BLAST performed slightly better than random for this test set. Several conclusions can be drawn from the statistical analyses the SCOP tests. (i) Proteins that belong to occupied clusters have significantly (P-value ∼1e-5) less tendency to belong to new superfamilies. (ii) Our prediction method sorted proteins that had very weak (non-occupied sample sets, VSV 1) or no (non-occupied-neighbouring, VSV 2) pair sequence similarity to any solved protein.
(iii) Our sorting in the tests is of low resolution in all instances of clusters with identical VSV, while this is rarely the case for results obtained by PSI-BLAST. Despite this limitation, our coarse sort performed at least as well as did a PSI-BLAST-based sort.
Proposed List of Targets. We regarded the clusters at the top of our list as potential targets for structural determination. All together 48 000 proteins were sorted. About 6000 proteins at the top of our list resided in 1274 clusters that were not occupied and were not neighbouringoccupied clusters (VSV 2). Those proteins were further prioritised to select the best candidates for structural determination experiments. In our list, additional filters may be used. We included information concerning the origin of the proteins in the phylogenetic tree, their length and their membranous nature. Researchers may add their own filters to limit the target list according to several criteria including the organism, the size of the proteins in the clusters etc. Among the 6096 proteins that are in nonoccupied neighbouring clusters, 1733 (within 172 clusters) are in clusters of at least five proteins in each and are non-membranous. The list of the sorted proteins is available at http://www.protarget.cs.huji.ac.il.
Note, however, that when a new protein is solved, the position of several clusters in the list might change. We addressed such a possibility by associating each cluster with an altered (lower) VSV according to the following procedure: For each cluster A in our original list, we marked all clusters B such that B is found above A in the list and solving a protein in B would affect the VSV of A. The resulting refined list reduces the redundancy in choosing a target for structural determination. Furthermore, one can focus on those clusters that once solved their impact on other unsolved clusters is maximized.
Limitations and pitfalls. We do not provide any information concerning ∼24 000 proteins that belong to clusters with undefined VSV. Most of these 24 000 are in smallconnected components (size 1 and 2). Among those, about a third are singletons with very limited biological information. However, those clusters are not occupied and at least those within relatively large connected components may be attractive for structural determination.
We ensured the use of large base sets versus test sets for validation of our results. While in some of the pairs (e.g. SCOP 1.37 to SCOP 1.50) the amount of data doubled from the base set, results of the P-values fluctuate (see Table 1 ). Moreover, the six SCOP pairs that were analysed are not independent from one another, and may not be considered as random.
Our protein map is a whole protein-based classification. As such, false transitivity due to multi-domain proteins is unavoidable. Consequently, we considered a cluster as being occupied even if one domain has been solved while the cluster contains multi-domain proteins with some domains that were never solved. This assumption clearly results in limiting our proposed target list.
DISCUSSION AND FUTURE WORK
The discovery of a novel fold contributes to understanding functional details of entire protein families. Based on the number of structurally characterized families it is estimated that currently there is only 15-25% of the number required to obtain structures for all (95%) folds (Wolf et al., 2000) . Thus, a scheme for discovering those currently missing folds and superfamilies is desirable (Holm and Sander, 1997; Marti-Renom et al., 2000; Murzin, 1996) . In this study we present a statisticalcomputational method according to which the pace of discovery of new superfamilies may be accelerated. Of course, we expect that among those that are at the top of the list, some of the new superfamilies will also be new folds. We have not tested our method for its ability to detect proper new folds (and not as a trivial consequence of discovering new superfamilies). Such a test requires much larger samples of new superfamilies, which is not currently available.
A number of tools for identifying homologues at the superfamily level have been developed [described in (Lindahl and Elofsson, 2000) ]. While the question we address is tightly linked to the question of identifying remote homologues, they are not identical. We have shown that one can use results from PSI-BLAST to address the question of selecting new superfamilies. We believe that further fine-tuning of PSI-BLAST, our method and other methods for this question is due. Such fine-tuning and rational assembly of several methods will lead to improved target selection. An attempt to combine results from the VSV and PSI-BLAST-based methods show only incremental improvement (not shown).
Our prediction method relies solely on the power of the protein graph, as described by ProtoMap. Such a map is produced using a sequence-based global approach of all-against-all comparisons. The success of our method proves that such an approach can provide a state-of-theart quality of information regarding biological features of proteins. The ProtoMap clusters and the ProtoMap graph suffer from false transitivity due to multi-domain proteins. This clearly reduces the performance of our method. We are currently investigating algorithms that will generate domain-oriented maps of the protein space. We wish to create an algorithm that will not depend on any information but the sequence of the proteins. This algorithm should delineate boundaries of domains within the proteins and place the proteins into a map of protein domains.
Finally, the method described here ignored much of the quantitative information embedded in the protein graph. This includes the following: (i) weights of the edge; (ii) density of the edges in the different areas of the graph; (iii) different granularity at the different levels of the classification; and (iv) interactions between the different levels. A systematic evaluation of the impact of each of these parameters and their combination on structural predictions is currently being carried out (Shachar and Linial, in preparation) .
Structural Genomics projects throughout the world are already producing large volume of newly solved structures (Berman et al., 2000) . Consequently, it is desirable to cope with such developments. We are currently producing an interactive web based tool, allowing the user to mark proteins as solved, and receive a list of all clusters (except those of undefined VSV), sorted according to their VSV, as calculated using the markings provided by the user. Using these new tools, a dynamic view on the coverage of the protein space is expected both on a theoretical level as well as according to the real data that are constantly accumulating.
